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INTRODUCTION 

Theme topicality 

At the end of the last century the explosion of Information Technologies 
(IT) enables to apply them as an irreplaceable instrument for scientific and 
practical research implementation in different areas including molecular 
biology, genetics, and population genetics. It is especially related to the 
research of living organisms while this process is difficult for several reasons. 
Firstly, this process requires execution of a huge number of experiments in 
laboratories (Chen et al., 2009a) and time resources to obtain the data and 
understanding about separate aspects of organisation of organism components, 
its functioning and evolution in certain conditions. Secondly, in several cases 
examination of living organisms is impossible due to the accepted ethical rules, 
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complexity of living organisms, the health and life-threatening circumstances. 
Therefore, as a solution in such cases IT, modelling and simulations can be 
applied to gain knowledge, build and expand the understanding of living 
organisms, develop models and algorithms based on existing experimental data, 
knowledge and facts. 

Living organisms are complex, nonlinear, self-organised and self-
regulated biological systems. Inside any biological system (in the cell, tissue, 
organ and organism) under different conditions processes of different types 
(regulation, physical and chemical processes) operate that can be presented and 
described in a form of biochemical pathways. Biochemical pathways and their 
regulation are organised in a form of networks. A peculiar structure lies at the 
basis of a network which is formed from different elements (proteins, 
metabolites, genes, small molecules) and their connections determining 
interaction of structure elements. But the organisation and operation of the 
network define, regulate and control the information and mechanisms that are 
coded in genes. 

There are processes of different importance in biochemical networks. 
Some of biochemical processes such as glycolysis are present in almost every 
known organism and can be referred to as the vital processes. It can be 
explained and has an evolutionary basis: organisms with changes in important 
processes did not survive freeing up a place for other organisms, in which 
processes that are most important for existence were not significantly affected 
by the changes. At the same time these insignificant, rudimentary processes 
that mutations can even destroy will have no significant effect on the behaviour 
of the organism. Stochastic mutations lead to the formation of nonstochastically 
formed networks. So the mechanisms of their formation are non-trivial and the 
natural selection executes a complex task that needs to be explored in networks 
of different importance since it is an essential aspect of network formation.  

The following question arises – how the biochemical networks of 
different importance evolve and which changes in the structure depending on 
the influence of different types of mutations occur when the mutation 
probability ratio changes? 

If significant copying errors in vital processes by the influence of 
mutations are not permitted during natural selection and the next generation of 
organism maintains the critical functionality needed for the survival, then the 
changes in less important processes are allowed. Consequently, the existing 
biochemical networks can be broken or even new structures may emerge. So, 
some structure changes of biochemical network, gaps and remains of the 
structure emerging during evolution process can influence the resistance of the 
organism both to the environmental changes and medical therapies provoking 
emergence of the alternative enforcement variants of various important 
processes. Therefore, the structure’s evolution modelling of biochemical 
networks even in a simplified manner can provide an insight in the diversity of 
organism response by influencing different biochemical processes. 
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While the exploration of genetic mutations influence on the structure 
changes of biochemical networks of equal and mixed importance in laboratory 
conditions is difficult and time-consuming, in some cases even impossible, the 
computer modelling and computer simulations are necessary for multi-faceted 
and detailed examination of this issue. It is necessary to develop simplified 
formalisms in order to investigate thoroughly questions under consideration 
while evolutionary processes occurring in nature are very complex and all their 
nuances cannot be realized by the computer simulations due to computational 
capacity. The author of the PhD thesis intends to focus on the network 
modelling with reactions of different importance that requires development of 
simplified and suitable for the computational capacity an evolution modelling 
procedure and an algorithm that takes into account the importance of 
biochemical processes, as well as software tool which will be able to execute 
the computer experiments of structure evolution according to the offered 
algorithm and procedure. 

 
The aim and the tasks of the PhD thesis 

The aim of the thesis is to develop a modelling approach and determine 
the influence of different types of mutations on the structure evolution of 
biochemical networks of non-coherent importance by means of the developed 
modelling approach.  

In order to achieve the aim of the PhD thesis several tasks were defined: 
1) examine the methods of the structural analysis of biochemical networks 

and the methods of their representation; 
2) study the evolution process of biochemical networks and the  factors 

influencing it; 
3) analyse the computer modelling approaches of structure evolution of 

biochemical networks; 
4) explore the existing software tools designated for the computer 

modelling of biochemical networks and for the analysis of their 
structure; 

5) develop the simplified algorithm and the structure analysis criteria and 
implement them in software tool prototype for the purpose of imitating 
to a genome attached structure evolution of biochemical networks; 

6) carry out the experiments aimed to imitate the evolution of to a genome 
attached structure of biochemical networks that describes the processes 
of equal or different importance; 

7) analyse the influence on structure evolution of each separate type of 
mutation and the influence of simultaneously operating several mutation 
types using computer model; 

8) determine the topological parameters which characterise the applicability 
of the model of biochemical networks. 
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Research methods 

The programming language Visual Basic was used in algorithm 
development for software tool prototype BINESA. 

Different mutation operators were used in structure evolution modelling 
of biochemical networks which are described in molecular genetics theory and 
correspond to the part of mutation types that exist in nature. 

The topological or structural analysis was applied to perform the 
structural analysis of biochemical networks that is grounded on the concepts 
and methods of graph theory and is used in the field of systems biology.  
During development of the PhD thesis SBML (Systems Biology Markup 
Language), GML (Graph Modelling Language) standards for the import and 
export of model structure of biochemical network, as well as file formats GV 
(built-in file format of software tool GraphViz) and PNG for visualisation of 
network structure were used. 

The non-linear regression analysis was applied to determine the best 
non-linear functional dependence between the corresponding topological 
parameter of biochemical network structure and some of the factorial 
characteristics, for example, the number of network elements, the element 
incoming or outgoing degree. 

The methods of probability theory were used in the offered modelling 
algorithm of structure evolution, for example, for the selection of the offspring 
of next generation. 

Statistical methods were used for analysis of the results of network 
structure evolution.  

The regression analysis was applied to determine the best functional 
dependence between the viability duration of biochemical network and the 
corresponding mutation operator, as well as the two-dimensional graphs 
(errorbars) including two-dimensional plots with two Y-axis with different 
scaling were used to display evolution dynamics. 

 
Scientific novelty 

The scientific novelty of the PhD thesis. 
• The formalisation procedure for the structure evolution task of 

biochemical networks of non-coherent importance was developed. 
• The algorithm for evolution dynamics modelling of to a genome 

attached structure of non-coherent biochemical networks was developed 
in case of mutations which do not change the length of genes. 

• The prototype of software tool BINESA (Biochemical Network Structure 
Analyser) was developed for structure evolution modelling and 
topological analysis of the structure of biochemical networks of non-
coherent importance. 
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• The approach for assessing applicability of biochemical network models 
was developed using topological parameters of biochemical network 
structure. 
 

Research theses 

• Disregard of the reaction importance of biochemical networks has a 
significant impact on the computer model behaviour of structure 
evolution of biochemical networks. 

• The fast assessment of the applicability of models intersection can base 
on the analysis of topological parameters of biochemical network 
structure. 

• The influence of evolutionary pressure differs in coherent networks of 
different importance. 

• The dynamic of structure topological parameters illustrates the dynamic 
of structural model quality of biochemical networks during the evolution 
process. 
 

Practical novelty 

Practical novelty is provided by the application of the proposed 
algorithm of structure evolution modelling of biochemical networks for 
modelling biochemical networks of organisms of different types taking into 
account the influence of the damaged structures on the biotechnological 
modifications of network operation with a biotechnological or therapeutic 
purpose. Computer simulations of biochemical network evolution can also be 
used for developing therapies in personalised medicine. 

The developed prototype of software tool BINESA can be used for 
carrying out computer experiments of to a genome attached structure evolution 
of biochemical networks of non-coherent importance and for modelling 
evolution dynamics. 

The modelling of biochemical networks of non-coherent importance can 
be applied to establish stable network structures in synthetic biology. 

The PhD results can also be used for the development of stoichiometric 
models by assessing quality and agreement degree of the available models of 
biochemical networks. 

 
PhD thesis structure and volume 

The PhD thesis is written in Latvian containing abstract, introduction, 6 
chapters, conclusions, bibliography, and 15 annexes, including 19 tables, 111 
figures, 27 formulae, 184 pages in total. 224 literature sources were used. 
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1. EVOLUTION OF BIOLOGICAL SYSTEMS 

The cell is considered as biological system. Its function determines 
complex processes while the most part of them are related to the interaction of 
molecules in biochemical networks. Biological systems operate according to 
the instructions encoded in genes which are passed through the generations and 
subject to the mutability.  

Despite the fact that the agents of different species differs drastically 
they have much more similarities in case of biology and genetics, for example, 
98.5% of the sequence of human genome is similar to the sequence of 
chimpanzee genome (Vokers, 2004). 

The changing environment and genes mutations of different types 
changing the morphological, physiological and biochemical properties provide 
the evolution of organisms. Biochemical networks are one of integral structures 
of organism that is subject to the evolutionary changes. The main driving forces 
of evolution are the mutations that introduce the changes of genetic material 
and natural selection performs the selection of the more adaptable and strongest 
offspring of the next generation. The mutations are divided in three groups by 
the influence source: gene mutations, chromosomal mutations and genome 
mutations. Their appearance frequency and influence on the biochemical 
processes and networks describing these processes depends on several factors. 
Mutations generally occur relatively infrequently, but the influence of physical, 
chemical and biological mutagenic factors increases their occurrence 
frequency. The influence of evolution on the biochemical processes including 
the biochemical network structure that emerges in the function and behaviour 
of biological system is important to study for development of biotechnological 
modifications and medical therapies in order to assess possible response of the 
networks subjected to the evolution. 

 
2. BIOCHEMICAL NETWORKS AND THEIR ANALYSIS 

Insight living organisms operate metabolic, gene regulation and signal 
transduction networks that describe biochemical reactions, biochemical and 
biophysical processes. Biochemical networks can illustrate and describe 
interaction of genes and their products, interaction of proteins, as well as 
interaction of reactants, substrates and their products. 

The basis of biochemical networks is the structure. To understand the 
biology at the system level, it is necessary to study the system structure before 
including structure of biochemical networks. 

Structural or topological analysis of biochemical networks is grounded 
on the concepts, methods, and algorithm of graph theory and uses also the 
concepts of system theory, as well as methods and algorithms of clustering 
analysis. Structural analysis provides insights not only in the topological 
properties of biochemical networks of biological system, but also in the 
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dynamic properties of biological system while fundamental properties of 
dynamic behaviour are often controlled and established by the network 
structure (Klamt et al., 2006). 

During examination of scientific literature, publications and analysis of 
software tools developed in the field of systems biology, as well as their 
description and user manuals, several topological properties, measurements and 
features of networks were identified that can be divided in four groups (Rubina, 
Stalidzans, 2010a): network metrics, network motifs, topological parameters 
and topological features of the network (see Figure 1).  

 
Figure 1. Topological measurements of biochemical networks 

 
Topological parameters depending on the examined level of the network 

(level of network elements when the network elements are examined separately 
or network level when the network is examined as a whole) can be divided in 
local and global parameters. The local topological parameters characterise 
separate network elements or components, but global parameters describe the 
network as a whole and are calculated using local parameters. 
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3. MODELLING OF EVOLUTIONARY GROWTH OF 
BIOCHEMICAL NETWORKS 

The key aim of biochemical network modelling is to supplement and 
expand researchers’ understanding of the local and global properties and 
behaviour of biological systems which demonstrate the system in response to 
different stimuli. Understanding how networks evolve is a fundamental issue in 
real-life complex networks and can provide clarity and insights into the 
structure and function of the networks (Chen et al., 2009c). 

To study topological properties of biochemical networks researchers 
have used mainly three types of network models which are characterised by the 
certain distribution of network degree and clustering coefficient: random 
network, scale-free network, and hierarchical network. Furthermore, to 
establish the topological properties un peculiarities of real-life networks from 
an evolutionary perspective by assuming that the current topology of a network 
is formed through a series of network assembly events and network evolution 
events (Chen et al., 2009c), different researchers groups have also developed 
several network growth models, for example, duplication-mutation (with 
complement) models, duplication-divergence models, random growing network 
models, random static network models, preferential attachment or scale-free 
model, small world network models, Boolean network model, duplication-
deletion-divergence models, and others. These growth models investigate 
network growth for the purpose of defining the principles of network 
establishment and organisation in the course of evolution. 
These models and other models used in practice for studying topological 
properties and growth or evolution of networks have several shortcomings. 
Firstly, evolutionary approach that is used in the mentioned models investigates 
network growth commonly and does not consider essential properties of 
biochemical processes. One of such property is process importance (Rubina, 
Stalidzans, 2012, Rubina, 2013). Not all processes of biological system are 
equally important, and the offspring with lethal mutations affecting essential 
processes necessary for viability is separated during natural selection. But the 
offspring with neutral or beneficial mutations gets a better chance to participate 
in further evolution.  

There are several biochemical processes that remain intact in almost all 
organisms. These indicate the fact that organisms with substantial deviation in 
the genes sequences of proteins that catalyse essential processes die off. One of 
such processes is glycolysis (Romano, Conway, 1996). Typical glycolysis 
process is Embden-Meyerhof-Parnas glycolysis. Another process is Entnera-
Dudorova glycolysis. In total, processes that are related with energy provision 
and in particular glycolysis can be regarded as vital processes which do not 
obtain (gain) significant alternatives in spectrum of all living forms. There are 
other processes that seriously influence viability of organism, for example, 
biochemical pathways that describe synthesis of proteins, nucleic acids, lipids 
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and other components (Copley, 2000). At the same time there are such 
biochemical pathways whose changes can be recompensed by other 
mechanisms and damage of these pathways do not significantly affect the 
viability of organism. 

The author of the PhD thesis offers a simplified division of the processes 
in three groups by process importance. The processes of the first group are vital 
and without them a biological system cannot ensure self-operation and retain 
viability (living). The processes of the second group identify (provide) the 
quality of existence and can affect viability of a biological system only due to 
many defects of such processes. The processes of the third group affect 
inessential properties of a biological system, for example, some visual features 
or alternative biochemical processes. For this reason, the properties of these 
groups of processes should be marked out and defined. So, the changes of 
genes sequences that establish or regulate the processes of the first and other 
groups will have different effect on the biological system. For this reason, even 
insignificant changes that occur in gene sequence regulating vital processes can 
be more dangerous. They can introduce significant changes in system’s 
behaviour and provoke deviations in its function.   

The author of the PhD thesis presumes that vital processes are similar 
among the greatest part of biological systems and permits poor differences in 
genetic material or genes sequences that regulate and establish these processes. 

The second shortcoming of growth models is lack of underlying genome 
except Artificial genome model. The network level changes are only 
theoretically explained by the existence of different mutation types that act on 
the underlying genome instead of being introduced as a result of occurring 
mutations.  

The third shortcoming of the used growth models is remoteness from 
real process of evolution and introduction of only two or three mutation types 
in models: gene duplication (whole genome duplication, local genes 
duplication, retrotransposition) and/or deletion (Farid, Christensen, 2006, 
Yamada et al, 2009, Yamada, Bork, 2009, Wagner, 2009), and divergence that 
arises due to the influence of point mutations (Aldana et al., 2007, Gibson, 
Goldberg, 2011). These mutations are acknowledged as main driving forces of 
network evolution. Gene duplication at the network level arises as node 
addition with all the links of duplicated node. When some gene is lost, some 
node is deleted with all these links in the network.  

The second group of events appears as link addition or deletion that is 
theoretically grounded on genetic changes that do not change gene completely 
or change gene regulation (Noort et al., 2004, Yamada, Bork, 2009, Yamada et 
al., 2009). Such genetic mutations can be point mutations, nucleotide insertions 
or deletions (Wagner, 2003). So, there are many other mutation types that can 
influence network evolution. They do not change gene completely, but modify 
gene partly or its regulation that can arise as link addition or deletion in the 
network level. As Yamada with colleagues (Yamada et al., 2009) studying 
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metabolic and protein interaction networks note, the network nodes and links 
evolution is related with cell genetic material, but links can change all the time. 
If nodes are not affected, the links rewiring can occur without gene duplication 
and links change with higher frequency than nodes change. Also Berg with 
colleagues note (Berg et al., 2004) that coefficient of links addition or deletion 
by the mutation influence is n time higher than coefficient of network growth 
with duplications. The slowest gene duplication (Berg et al., 2004), as well as 
deletion (Wagner, 2009) influences the network size only. Directly links 
dynamics act as dominant driving force of evolution in the structure formation 
of scale-free networks than nodes duplication (Farid, Christensen, 2006). 

The author of the PhD thesis offers the algorithm of structure evolution 
modelling of biochemical networks that eliminate shortcoming of evolution 
algorithms used in the considered models of network growth. Firstly, evolution 
algorithm takes into account the property of processes importance and allows 
defining the importance level of the processes (reactions or links). Secondly, 
the evolution of network nodes and links is related with cell genetic material, 
hence the evolution of network structure is grounded on the evolutionary 
changes of connected genome that occur as a result of mutations and natural 
selection in the offered algorithm. Thirdly, since links change with higher 
frequency than nodes duplication and links dynamics is acknowledged as a key 
driving force of evolution in the structure formation of scale-free networks, 
then the number of nodes remains unchanged in the offered algorithm paying 
central attention to the links dynamics. 

 
Modelling procedure of structure evolution of biochemical 

networks 

Within the PhD thesis for the developed algorithm and procedure of 
structure evolution of biochemical networks the following terminology is used: 

• biochemical network – set of reactions that describes some biochemical 
process(es); 

• structure of biochemical network – representation of network elements 
and their interaction;  

• gene – the unit of genetic information that is displayed as  text string 
including four-chapter and is attached to each separate reaction; 

• genome – set of genes that is attached to the specific model of 
biochemical network; 

• mutation – alteration of gene sequence that occurs with a certain 
probability; 

• mutation process – process in which each gene of genome is subjected to 
the mutations; 

• generation – one computational iteration that includes mutation process 
and selection of an offspring of the next generation.  
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Evolutionary changes of biochemical networks structure emerge under 
the influence of occurring mutations at the level of a genome. As genes define 
and regulate the structure (architecture) and function of the network, that way 
in order to explore the evolution of biochemical networks on their structure, it 
is necessary to connect genes to the processes and network links in the form of 
nucleotide sequence, as well as to define the assessment criteria of genome 
changes. So, the evolution modelling of biochemical networks structure can be 
realized:  

1) connecting genes to the nucleotide sequence and network reactions 
which define corresponding reactions, 

2) executing simulations of genome evolution or alteration of genes 
sequences which can occur by pressure of various mutation types, 

3) generating structure changes based on the changes of genes sequences. 
The procedure of structure evolution modelling of biochemical networks 

includes six consecutive stages (see Figure 2). 
The first stage of the procedure is definition of initial structure data 

that includes three main sub-stages: 1) definition of network nodes and links, 
manually or by loading an existing model, for example, SBML model; 2) initial 
genome definition of an organism generating automatically the test sequences 
of genes or using genome from existing database; 3) genome or separate genes 
connection to network attaching the genes to the network reactions (i.e. links). 

The network evolution is based on the changes of genetic material. The 
evolution of the offered algorithm of structure evolution modelling is realised 
at the level of genome sequence and is transformed into network structure 
changes. According to the central dogma of molecular biology (see Sub-section 
1.2) it is possible to connect gene to each network link (Rodrigues, Wagner, 
2011, Wagner, 2011) that encodes enzyme which ensures course of the 
corresponding chemical reaction (see Figure 3). Each gene has nucleotide 
sequence that is defined in the form of text string of four characters A, C, T, 
and G. 

Within the evolution algorithm it is assumed that all genes have equal 
length and in the course of evolution algorithm the genes length remain 
constant, for example, 1,000 nucleotides long genes. 

The second stage of the procedure includes topological analysis of 
initial structure of a network. The analysis of initial network structure is 
necessary for the determination of applicability of network model to the 
research purpose. The analysis of initial network structure provides several 
topological measurements and motifs of the structure which are used for 
structure assessment. The analysis of network structure can provide such 
topological parameters as a node degree, an incoming and outgoing degree of a 
node, a degree distribution or an incoming/outgoing degree distribution, a 
number of nodes, a number of connected and isolated nodes, a number of links, 
an average clustering coefficient, a distribution of neighbour’s number, a 
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distribution of clustering coefficient, and can determine such network motifs as 
feedback loops or control loops and self-loops. 

 

2. Analysis of initial network 
structure

3. Implementation of evolution 
algorithm

5. Analysis of new network 
structure

6. Comparison of initial and 
new network structures

1. Definition of initial network 
structure

4. Obtaining of new network 
structure

 
Figure 2. The procedure of structure evolution modelling of biochemical networks 

The third and fourth stages of the procedure include implementation 
of evolution algorithm that consists of two stages: evolution of genome and 
evolution of structure (see Sub-section 3.2). To implement evolution algorithm 
that ensures the obtaining of next generation genomes of an organism, at the 
beginning the evolution parameters should be defined.  

Evolution algorithm is generated n times where n is user-defined 
number of generations and in its course n generations genomes are generated. 
For example, to obtain the genome of the first generation of an organism, the 
initial genome of an organism is used, but to obtain the genome of the i-th 
generation of an organism, the genome of (i-1)-th generation of an organism is 
used. 

The genome of new generation is obtained via realisation of two 
processes which determine the evolution of biological systems: mutation 
process and natural selection. Implementation of these processes is grounded 
on information provided in literature about mutations of genetic material and 
natural selection (see Sub-section 1.2). 
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Figure 3. Attachment of genome to the network structure or reaction 

To obtain the genome of new t-th generation, 10 genome copies of (t-1)-
th generation are generated which are further subject to mutation process. From 
10 genome copies the possible candidates of the offspring are selected 
evaluating the concordance of genomes to the benchmark-genome. As a result 
of performance of mutation process and candidate selection the M genome 
candidates are obtained from which one genome is chosen with probability Pei. 
The probability Pei of each separate genome candidate to be chosen for further 
evolution depends on the correspondence (compliance) of genome candidate to 
the initial genome assuming that the initial genome is benchmark-genome with 
the highest possible characteristics of vitality. 

The structure changes can be generated for previously chosen 
generations based on evolutionary changes of genome of the corresponding 
generation. 

The fifth  stage of the procedure includes topological analysis of the 
new structure of a network received as a result of evolution. 

The sixth stage of the procedure includes comparison of the initial 
structure and the newly obtained structure. During structural analysis the 
computed topological parameters become the comparing criteria of several 
structures which are used for comparison of the initial structure and structure 
that was erased in evolution for the purpose of detecting and assessing the 
undergone changes. In order to draw conclusions about the influence of chosen 
types of mutations on network structure, the similarities and differences are 
detected between the examined structures, comparing parameters, dynamics of 
their changes and motifs of the initial structure and the newly obtained 
structure. 

 

ACTGCGCTGCGTGTGCACTGCAAATGTT 

Gene1 

Enzyme1 

catalyses 

codes 
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Modelling algorithm of structure evolution of biochemical 
networks 

Evolution algorithm (see Stage 3 of Figure 2) consists of two main 
stages: genome evolution and structure evolution (Rubina, 2013). Genome 
evolution executes n times and genomes of n generations are created during it. 
Each time step 10 genome copies of the previous (t-1)-th generation genome 
are generated executing evolution algorithm in order to obtain the genome of t-
th generation (t=1,2,..n). The number of genome copies can be changed, but 
smaller number of genome copies decreases the number of potential candidates 
of the next generation offspring and it can have an impact on the evolution 
results. Genome copies are subjected to a mutation process which can include 
implementation of several mutation operators. 

• Point mutation is an alteration of a single nucleotide in the gene 
sequence that is chosen uniformly at random, for example, nucleotide A 
is replaced by C. 

• Under influence of nucleotide inversion operator the gene section 
from k-th to l-th position chosen uniformly at random is rearranged in 
reverse order, i.e. nucleotides of gene sequence are rearranged in reverse 
order, for example, nucleotide sequence 
ACTGTGATCGCGTAATGGC from position 7 to position 11 is 
transformed to a sequence ACTGTGCGCTAGTAATGGC. 

• Missense mutation operator is used in genome copies assessment in 
order to determine the concordance to the benchmark-genome. When 
this mutation operator is chosen then the genome sequences are 
compared by codons or by three consecutive nucleotides which encode 
the corresponding amino acids (see Sub-section 2.3). One amino acid 
can be encoded by several nucleotide triplets. Even if one nucleotide is 
mutated under influence of point mutation, the encoded amino acid can 
remain the same. During comparison of genome sequences (comparison 
of the newly obtained sequence and sequence of benchmark-genome) it 
is checked whether an amino acid is the same or is changed comparing 
to the benchmark-genome. 

• Nonsense mutation operator is used in genome copies assessment in 
order to determine the concordance to the benchmark-genome similarly 
to the missense mutation operator. This operator is used to determine 
whether the amino acid encoded by the corresponding codon was 
changed or not (changed to the stop codon) comparing to the 
benchmark-genome. 

• Duplication operator copies gene that is chosen uniformly at random, 
and the number of genes increases by one unit in genome. 

• Deletion operator removes gene that is chosen uniformly at random, 
and the number of genes decreases by one unit in genome. 
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• Under influence of inversion operator the nucleotide sequence of gene 
is rearranged in reverse order. 

• Translocation operator breaks genes of two nonhomologous (two 
different) chromosomes on k-th position and exchanges the distracted 
ends of chromosomes. 
On the first stage of evolution modelling procedure we choose which 

mutation operators should be included in evolution process according to the 
research purpose and define mutation probability to each operator.  

After the mutation process execution 10 obtained genomes of t-th 
generation are compared to the benchmark-genome and estimated. Each 
gene of the newly obtained genome is compared to its initial sequence in the 
benchmark-genome and to the all other genes sequences of benchmark-genome 
calculating coefficients: Rgki – concordance coefficient of i-th gene to its initial 
sequence and Qgkij – concordance coefficient of i-th gene to all other j-th genes 
sequences of the benchmark-genome, where j is the serial number of gene. 
When the missense mutation and/or nonsense mutation operators are chosen 
then sequences are compared by triplets, i.e. by three consecutive nucleotides. 
If no operator from these is chosen then gene sequences are compared by one 
nucleotide. The calculated coefficient Rgki characterises a part of 
correspondence of gene alternative form and initial gene, and it can take values 
in the range [0; 1]. In turn, coefficients Qgkij characterise a part of 
correspondence of gene alternative form and all other initial genes in 
benchmark-genome, and it can also take values in the range [0; 1], where i is 
the serial number of the compared gene in the newly obtained genome and j is 
the serial number of genes in benchmark-genome. 

If concordance coefficient of i-th gene Rgki<0.2 and it regulates 
insignificant reaction (essentiality level 3) then the maximum coefficient is 
detected   maxQgki=max(Qgkij) from coefficients Qgkij. If maxQgki>0.2 then it 
is accepted that the i-th gene is mutated on the j-th gene and has begun 
exercising j-th gene functions. 

If concordance coefficient of i-th gene Rgki<0.5 and it regulates 
qualitative reaction (essentiality level 2) then the maximum coefficient is 
detected   maxQgki=max(Qgkij) from coefficients Qgkij. If maxQgki>0.5 then it 
is accepted that the i-th gene is mutated on the j-th gene and has begun 
exercising j-th gene functions. 

If concordance coefficient of i-th gene Rgki<0.7 and it regulates 
important reaction (essentiality level 1) then the maximum coefficient is 
detected   maxQgki=max(Qgkij) from coefficients Qgkij. If maxQgki>0.7 then it 
is accepted that the i-th gene is mutated on the j-th gene and has begun 
exercising functions similar to the j-th gene functions. 

After execution of the mutation and estimation processes the process of 
candidate selection of new generation genome follows. According to the 
process of natural selection the strongest and better adapted individual survives. 
In the proposed algorithm such individual is considered as the strongest one 
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which has a genome with higher similarity to the benchmark-genome and has 
kept all genes that regulate vital reactions and as many genes as possible that 
regulate qualitative reactions, but at least one qualitative reaction is obligatory. 
In this way the strongest individual gets better chance of being chosen as the 
new generation offspring. 

The candidate of new generation offspring should correspond to the one 
of the following conditions. 

• If the modelled biochemical network includes only vital links then the 
concordance coefficients of all genes should be Rgk≥0.7. 

• If the modelled biochemical network includes only qualitative links then 
the concordance coefficients of all genes should be Rgk≥0.5. 

• If the modelled biochemical network includes only insignificant links 
then the concordance coefficients of all genes should be Rgk≥0.2. 

• If the modelled biochemical network includes links of different 
importance then the concordance coefficients of all vital genes should be 
Rgk≥0.7, but at least one gene regulating quality links should be 
Rgk≥0.5. 
Consequently, from 10 renderers of the next generation candidates those 

renderers are separated which are subject to one of the following conditions: 
1) genome that includes at least one gene that regulates vital reaction and 

differs from benchmark-genome by more than 30% with concordance 
coefficient Rgk<0.7; 

2) genome in which all genes that regulate qualitative reactions differ from 
benchmark-genome by more than 50% with concordance coefficient 
Rgk<0.5. 
To select the strongest candidate, a series of transformations is executed 

defining probability ratio of each genome candidate being chosen for the 
offspring of the next generation. 

The cumulative concordance coefficient sumRgkj called genome 
concordance coefficient is calculated for each genome candidate that is equal to 
the sum of concordance coefficients Rgki of all genes (in total, m genes) of the 
corresponding j genome.  

The concordance coefficient of genome candidate called normalised 
concordance coefficient of a genome gRgkj is normalised dividing cumulative 
concordance coefficient sumRgkj by total number of genes m of the 
corresponding genome.  

The sum TotalRgk of normalised concordance coefficients of all genome 
candidates is calculated. 

The probability ratio of each genome candidate is calculated dividing 
normalised concordance coefficient gRgkj of a genome j by the sum TotalRgk 
of normalised concordance coefficients of all genome candidates. 

If the modelled network includes qualitative links then the probability 
ratio of genome candidate is calculated dividing its normalised concordance 
coefficient gRgkj by the sum TotalRgk of normalised concordance coefficients 
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of all genome candidates and multiplying outcome by the part of number of 
active qualitative reactions (1): 

 TotalRgk

Tq

q
gRgk

Pe
j

j

⋅
=

,
 (1) 

where q – number of genes that regulate active qualitative reactions in 
the network (without repetitions), 

Tq  – total number of genes that regulate qualitative reactions in the 
network (without repetitions). 

The M genome candidates with alternative gene forms are obtained 
executing the processes of mutations and candidates selection from which one 
genome is chosen with probability Pej. 

The intensity indicator Intsi of each reaction i is calculated based on the 
essentiality level of reaction and on the concordance coefficient (below denoted 
as variable x) of the gene of the chosen genome that regulates the 
corresponding reaction. Intensity indicator characterises how intensely reaction 
occurs or links work. In order to take into account the importance of processes, 
it is assumed that: 

• intensity of reactions of the essentiality level 1, Ed=1 (vital processes or 
reactions) changes by the power law f(x)=x-2; 

• intensity of reactions of the essentiality level 2, Ed=2 (qualitative 
processes or reactions) changes by the linear law f(x)=x; 

• intensity of reactions of the essentiality level 3, Ed=3 (vital processes or 
reactions) changes by the polynomial law f(x)=1.3x3-3.42x2+3.12x. 
The second stage of the algorithm includes structure evolution which 

provides the structure of the new generation. The structure changes are 
generated based on each separate gene concordance coefficient Rgki of the 
offspring genome and the essentiality level of reaction which is regulated by 
the corresponding gene. 

• Vital reaction and all these links are removed from network if the 
concordance coefficient of its regulating gene is less than Rgki<0.7. 

• The intensity of vital reaction is reduced according to the above-
described law if concordance coefficient of its regulating gene is in 
range 0.7≤Rgki<0.9. 

• Qualitative reaction and all these links are removed from network if the 
concordance coefficient of its regulating gene is less than Rgki<0.5. 

• The intensity of quality reaction is reduced according to the above-
described law if the concordance coefficient of its regulating gene is in 
range 0.5≤Rgki<0.8. 

• Insignificant reaction and all these links are removed from network if the 
concordance coefficient of its regulating gene is less than Rgki<0.2. 
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• The intensity of insignificant reaction is reduced according to the above 
described law if the concordance coefficient of its regulating gene is in 
range 0.2≤Rgki<0.5. 

 
4. SOFTWARE TOOL BINESA 

Within the scope of the PhD thesis the prototype of software tool 
BINESA was developed which includes implementation of the proposed 
algorithm of structure evolution. Software tool BINESA allows to realise 
evolution procedure developed during work on the PhD thesis. Furthermore, it 
is possible to carry out computer experiments of structure evolution using 
BINESA and to estimate results corresponding to the offered procedure of 
structure evolution of biochemical networks. 

The prototype of software tool BINESA can be used for the following 
purposes: 

1) to model structure evolutionary changes that arise as a result of genome 
evolution taking into account the importance level of processes; 

2) to imitate genome evolution that is connected to the network structure; 
3) to create structure of new network models; 
4) to import structure of network models in SBML and GML formats; 
5) to perform topological analysis of biochemical network structure (to 

calculate local and global topological parameters, to determine network 
motifs); 

6) to compare two network structures by the topological parameters; 
7) to calculate topological parameters of many structures and to export 

these analysis results in CSV file format aimed for further processing, 
analysis and visualisation;  

8) to analyse and compare initial structure and structure that was derived 
after evolution or during evolution based on evolution process data and 
evolution results, as well as on topological parameters of the structures; 

9) to visualise structure of biochemical network marking out links of 
different importance and intensity (see Annex 8).  
The prototype of software tool BINESA is written in Visual Basic 

programming language and developed on Microsoft Access using DAO data 
access technology. BINESA can be used as standalone software tool that 
requires the following software: Windows XP operating system and Microsoft 
Access 2007 or higher version and a computer with technical parameters 
corresponding to the recommended parameters for stable software operation. 

The examined model of biochemical network in BINESA is connected to 
the certain genome, and BINESA allows defining and attributing of three 
importance levels to the processes/reactions. BINESA includes only such 
mutations which do not change genome length in order to reduce the 
computational costs of genes comparison. The offered algorithm of to a 
genome attached structure evolution of biochemical network allows estimating 
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the influence of one part of evolution mechanisms on the structure of 
biochemical network. 
The developed prototype of software tool BINESA allows not only modelling of 
structure changes of biochemical network according to the evolution algorithm 
and to the offered evolution modelling procedure, but also ensures receiving 
and estimation possibility of modelled evolution dynamics. 
 

5. APPLICABILITY ASSESSMENT OF BIOCHEMICAL 
NETWORK MODELS 

The fast development of the sequencing techniques enables relatively 
fast reconstruction of biochemical reaction networks in many organisms. In 
case of model development, it would be useful to assess the quality of the 
available models looking for the best one or to find suitable parts of a published 
model to build a new one. The differences or contradictions in reconstructions, 
especially genome scale reconstructions, give an insight in the scope of models 
and the level of agreement among different authors about the topic of interest.  

Within the PhD thesis in order to assess the coherence, similarities and 
differences of the models an approach is offered in which structural analysis is 
used. To assess the coherence of two models, it is proposed to build an 
intersection model which includes the intersecting part of initial models, then to 
perform topological analysis of the intersection and initial models and, finally, 
to compare their topological parameters. 

Within the PhD thesis the assessment of two intersection models is 
demonstrated comparing the current intersection and its initial models for the 
purpose of establishing similarities and differences using topological analysis 
and determining topological measurements that can be used to assess the 
quality of the model and the level of agreement and determining the 
applicability of the model. 

Within the study (Rubina et al., 2013) two pairs of scale-free models 
were compared from BioCyc public database: 1) bacterium Escherichia coli 
models “ecol199310cyc” and “ecol316407cyc”, 2) yeast Saccharomyces 
cerevisiae models iND750 and iLL672. The comparison tool of the 
stoichiometric models ModeRator (Mednis et al., 2012) was used to compare 
models and generate their intersection model. But the prototype of software 
tool BINESA (www.biosystems.lv/binesa), which was developed while working 
on the PhD thesis, was used for the topological analysis of the structure. The 
structural analysis of model pairs of the same organism and its intersection 
model demonstrates cases of highly similar and different models.  

The study reveals very different topological parameters of intersections 
of E.coli and S.cerevisiae model pairs. The models built by the same group of 
authors like in case of E.coli can be taken as example of high agreement 
between models and can be interpreted as consensus part of two models. 
Similar topological parameters give indication that the intersection model may 



25 

 

function as a standalone network model even without further improvements. At 
the same time the intersection of S.cerevisiae models demonstrates very 
different structural properties and most probably the intersection model would 
not be able to function even after significant improvement. 

Some topological parameters such as number of metabolites, reactions 
and links indicate a size of the intersection model compared to the initial one. 
That can be interpreted as a high agreement in a small part or a low agreement 
in a larger part of the models. Therefore, the intersection model parameters, like 
a number of the metabolites and a number of the reactions, cannot only be used 
to assess the level of agreement. 

A number of metabolites, a number of reactions, an approximation of 
incoming/outgoing degrees, a distribution of neighbours and a distribution of 
clustering coefficients of the intersection model are weak indicators of the 
agreement level of two initial models. 

In this study the topological parameters such as an incoming and 
outgoing degree distribution, a percentage of the low or high interconnectivity 
metabolites (low or highly interconnected), the distribution of neighbour’s 
number and an approximation of neighbour’s number are recognised as 
informative structural parameters. A low agreement of the model pair resulting 
in a fragmented, poor quality model can be indicated by low values of an 
average degree, an average incoming degree, an average outgoing degree and 
the average number of the neighbours. A low agreement of the model pair can 
be detected also by the distribution of the incoming and outgoing degrees of the 
metabolites: a high percentage of the low interconnectivity metabolites (one or 
two links) and a low percentage of the hubs (more than ten links).  

The structural analysis of the intersection and association of different 
models is important both in comparing evolution of models and building the 
new models on the basis of several available models. In intersection analysis 
when comparing the original model with the model received during or after the 
evolution, not only models but also their intersection can be investigated for the 
purpose of estimating which reactions have survived evolution and which were 
replaced. 

The intersection analysis allows also estimating the process of natural 
evolution and determining which groups of reactions and processes remain 
common for different organisms despite the long evolution process. The 
automated generation of an intersection of two models combined with its 
structural analysis can give indication about the agreement level between 
models created by different authors and between metabolic models of a 
particular organism.  

This approach can be used to rapidly determine the similarities of 
models of different organisms. 
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6. COMPUTER SIMULATIONS OF STRUCTURE 
EVOLUTION OF BIOCHEMICAL NETWORKS 

The aim of computer experiments of structure evolution of biochemical 
networks (further – experiments) is to assess the influence of the corresponding 
mutation types on the genome and on the attached to a genome structure and to 
establish the peculiarities of the evolution dynamics of biochemical network 
structure and the peculiarities of structure changes that arise as a result of the 
influence of several types of mutations in case of reactions of equal and 
different importance. Experiments were carried out using the prototype of 
modelling tool BINESA which includes implementation of algorithm of to a 
genome attached structure evolution that was developed during work on the 
PhD thesis. 

Two models of biochemical networks were chosen for the execution of 
experiments: test model of small size and real model of small size of bacterium 
Zymomonas mobilis (further – ZMO). The structure of test model was attached 
to the artificial genome with 100 nucleotides long genes. Test model of 
biochemical network consists of 9 metabolites and 14 reactions that form 19 
links. ZMO model of biochemical network (Pentjuss et al, 2013) consists of 81 
metabolites and 96 reactions that form 287 links. The structure of ZMO model 
was attached to the artificial genome with 1,300 nucleotides long genes where 
the length of genes corresponds to the average length of genes which take part 
in examined model of bacterium Z.mobilis.  

In order to estimate the influence of mutations in case of reactions of 
equal and different importance evolution experiments were executed using the 
following models: 

1) test model of small size which has only vital reactions (further – test 
model of vital reactions or vital test model); 

2) test model of small size which has only qualitative reactions (further – 
test model of qualitative reactions or qualitative test model); 

3) test model of small size which includes vital and qualitative reactions, as 
well as insignificant reactions (further – test model of reactions of 
different importance or mixed test model); 

4) ZMO model which has only vital reactions (further – ZMO model of 
vital reactions or vital ZMO model); 

5) ZMO model which has only qualitative reactions (further – ZMO model 
of qualitative reactions or qualitative ZMO model); 

6) ZMO model which includes vital and qualitative reactions, as well as 
insignificant reactions (further – ZMO model of reactions of different 
importance or mixed ZMO model). 
There are significant differences observed (noticed) in case of network 

of non-coherent importance between qualitative networks and mixed networks, 
as well as between vital networks and qualitative networks. Their evolution 
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varies by marked differences of viability duration. It is explained by the higher 
allowed deviation of concordance coefficient and by the ability of qualitative 
networks to last even with one reaction (see Figure 4). When the number of 
qualitative reactions decreases, the probability that mutation will affect genes 
which provide (establish) the remaining reactions in all 10 alternative genome 
copies decreases, i.e. in all renderers of candidates of next generation offspring. 
Hence the evolution of qualitative network can overachieve even 100,000 
generations with one reaction. In its turn, the presence of vital reactions in the 
network is marginal and the loss of vital reactions is inadmissible. It arises both 
in structure evolution of vital network and in structure evolution of mixed 
network, and noticeably affects the viability duration of the structure.   
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Figure 4. The changes of the Genome concordance coefficient and changes of the 

number of qualitative reactions by influence of nucleotide inversion with 
probability 10%  

In the figure genome concordance coefficient that is equal to average concordance 
coefficient of all its genes is shown. 
 

The rapid decrease in the number of qualitative and insignificant 
reactions is observed on the mixed network at the evolution beginning by the 
influence of translocation, deletion, nucleotide inversion (see Figure 5) and 
inversion. However, the network continues evolution with one qualitative 
reaction and all vital reactions. In their turn, the qualitative and insignificant 
reactions can be renewed by the influence of nucleotide inversion, inversion 
(see Figure 6) and translocation when the reversion (back) mutation occurs. 
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Figure 5. The changes of the Genome concordance coefficient and changes of the 
number of reactions of different importance by influence of nucleotide inversion 

with probability 10%  
 
Back mutation, but with smaller frequency, is noticed while analysing 

separately the influence of point mutation on the network structure. Despite the 
fact that the evolution process continues longer than the evolution process by 
the influence of other mutation types, point mutations are accumulated and with 
each successive generation they decrease the genome concordance coefficient 
and make the structure of each successive offspring more fragile. 

The viability duration changes by the power law with negative exponent 
and high determination coefficient in the networks of non-coherent importance 
(in vital, qualitative and mixed networks) by the influence of all considered 
mutation types. In case of a separate network type only values of viability 
duration that depends on the certain mutation type varies. The more disruptive 
mutation influence is, the faster the evolution process ends and the shorter the 
viability duration is. In their turn, the mixed network shows better resilience to 
the mutations and survives longer comparing to the vital network (see Figures 7 
and 8) considering the influence of each type of mutation separately. But the 
viability duration of mixed network is much shorter comparing to the viability 
duration of qualitative network. 
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Figure 6. The changes of the Genome concordance coefficient and changes of the 

number of reactions of different importance by influence of inversion with 
probability 5%  

The values of evolution parameters were given as following: probability of point 
mutation 10-7, probability of nucleotide inversion 10-7, probability of inversion 5%, 
probabilities of other mutation operators were 0%. Evolution process was executed up to 
100,000 generations maintaining all vital reactions and a part of qualitative and 
insignificant reactions in the network. It should be noted that the number of qualitative 
and insignificant reactions, as well as genome concordance coefficient were changing all 
the time (continuously decreasing and then increasing) during evolution. It is a result of 
direct mutations when the whole gene sequence by the inversion influence changes and 
result in reversion or back mutations when gene reverts to its initial form. 
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Figure 7. The viability duration of vital ZMO network model 

In Figure 7 the average value of viability duration and its standard deviation for each set 
of 10 experiments are depicted. In total, 11 sets of experiments were executed with 
different values of translocation probability. 
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Figure 8. The comparison of viability duration of ZMO models under 

influence of translocation 
Figure 8 shows the average value of viability duration for each set of 10 experiments of 
ZMO model. In total, 7 sets of experiments in case of qualitative ZMO model and 18 sets 
of experiments in case of mixed ZMO model with different values of translocation 
probability were executed.   

 
The structure evolution of mixed network by the influence of several 

mutations is mostly affected by the translocations, deletions, inversions, and 
nucleotide inversions. Translocation and deletion have the most significant 
effect on the viability duration of the biochemical network structure and on the 
topological parameters of structure. Whereas, the viability duration of the 
network increases and the number of reactions increases exponentially by 
increasing probability of duplication mutation and analysing the influence of 
duplication both separately (see Figure 9) and together with other mutations, 
i.e. estimating the effect of several simultaneous mutations  on the structure 
evolution of the network. 
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Figure 9. The total number of reactions in ZMO network model with reactions of 

different importance  
Figure 9 shows the average viability duration and its standard deviation of each set of 
experiments. In total, 7 sets of 10 experiments with different probabilities of 
translocation were executed.  

 
Analysis of the influence of several mutation types. For example, the 

average viability duration of the network structure is 18 generations with 
standard deviation 11 generations by the translocation probability 10% and 
probabilities of other mutations 1% (min viability duration is 4 generations, 
max viability duration is 47 generations). During evolution at least one vital 
reaction (100% of experiments) and all qualitative reactions (10% of 
experiments) are lost, and duplicates of reactions are maintained. The average 
concordance coefficient of a genome is 0.604 and standard deviation 0.149 
when the evolution is interrupted. At the same time, the average viability 
duration of the network structure is 38 generations with standard deviation 20 
generations by the influence of deletion with  probability 10% and probabilities 
of other mutations 1% (min viability duration is 6 generations, max viability 
duration is 77 generations). During evolution at least one vital reaction (80% of 
experiments) and all qualitative reactions (20% of experiments) were lost. The 
average concordance coefficient of genomes is 0.92 and standard deviation 
0.077 when the evolution is interrupted. But, when all mutation probabilities 
are 1% and inversion probability is increased to 10%, network structure 
survives more than 100 generations in 60% of cases maintaining one qualitative 
reaction and all vital reactions. In 4 of 10 experiments evolution was 
interrupted (min viability duration 24 generations, max viability duration 85 
generations) when all qualitative reactions were lost with average concordance 
coefficient of genomes 0.526 and standard deviation 0.069. In its turn, network 
structure survives more than 100 generations in 80% of cases by the nucleotide 
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inversion influence with probability 10% (probabilities of all other mutation 
types are 1%) losing one vital reaction and all qualitative reactions and 
maintaining duplicates of reactions. In cases when evolution was interrupted 
(on the 31st generation and on the 71st generation) the average concordance 
coefficient of genomes was 0.349 with standard deviation 0.06. 

By the influence of nucleotide inversion and inversion mutation the 
viability duration has a very high deviation, and inversion can have reverse 
effect when a gene returns to its initial form and reaction that is established by 
the corresponding gene is renewed. Therefore, topological parameters of the 
structure (see Figures 10, 11 and 12), as well as genome concordance 
coefficient change their values in a saltatory manner. Whereas nucleotide 
inversion and inversion, as well as translocation can have a reverse effect, then 
deletion is irreversible. If the deletion probability is changed from 1% to 10%, 
the viability duration of the network structure decreases rapidly, but the 
genome concordance coefficient keeps a high value when the evolution is 
interrupted. 

Translocation, deletion and inversion has the most significant effect on 
the viability duration when the network structure of different importance is 
affected by several mutation types and the probability of the above-mentioned 
mutations is increased. In their turn, the genome concordance coefficient is 
affected mostly by the nucleotide inversion, inversion, and point mutation. 

The number of isolated metabolites is affected mostly by the deletion, 
translocation, and nucleotide inversion. In their turn, its value can increase by 
the influence of point mutation, nucleotide inversion, and inversion, but the 
tendency of a decrease remains. 

The average degree of a network is affected mostly by the deletion, 
point mutation, and nucleotide inversion. In their turn, its value can range many 
times during evolution by the influence of point mutation, nucleotide inversion, 
and inversion. 
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Figure 10. The changes of the number of 
isolated metabolites under influence of the 

inversion  

Figure 11. The changes of the number 
of links under influence of the 

inversion 
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Figure 12. The changes of the number of average clustering coefficient under 

influence of the inversion 
Figures 10, 11 and 12 display the results of 10 experiments, i.e. value changes of the 
corresponding topological parameter during evolution when the probability of inversion 
is 10%, but probabilities of all other mutations are 1%. In Figure 10 the number of 
isolated metabolites is showed. Figure 11 depicts the number of links, while Figure 12 
shows an average clustering coefficient.  
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The average number of neighbours is affected mostly by the deletion, 
translocation, and nucleotide inversion. In their turn, its value can increase and 
decrease two times during evolution by the influence of point mutation, 
nucleotide inversion, and inversion, especially by the influence of inversion, 
but the tendency of a decrease remains. 

The number of links is affected mostly by the deletion, translocation, 
and nucleotide inversion. In their turn, its value can increase and decrease two 
times during evolution by the influence of point mutation, nucleotide inversion, 
and inversion, especially by the influence of point mutation, but the tendency of 
a decrease remains. 

The average clustering coefficient is affected mostly by the deletion, 
translocation, and inversion. In their turn, its value can increase and decrease 
two and more times during evolution by the influence of point mutation, 
nucleotide inversion, and inversion, especially by the influence of inversion, 
but the tendency of a decrease remains. 

 
CONCLUSIONS 

The main PhD thesis results 

The computer modelling approach was developed and the influence of 
different mutation types on the structure evolution of biochemical networks of 
non-coherent importance was determined by means of the developed modelling 
approach. 

1) The methods of the structural analysis of biochemical networks and the 
methods of their representation were examined. 

For visualisation, representation and modelling of biochemical networks 
the maps of biochemical networks, structural, stoichiometric and dynamic 
computer models are used in practice. The representation of a biochemical 
network based on certain standard, for example, SBML, SBGN standard, or 
based on formalism such as Boolean network, Petri Nets that are accepted in 
the field of systems biology.  

In research of biochemical network structure two methods are generally 
applied: 1) structural or topological analysis that is based on the concepts and 
methods of graph theory and 2) clustering analysis. 

2) The evolution process of biochemical networks and the factors 
influencing it were studied. 

The evolution of biochemical networks is based on the molecular 
evolution of biological system which occurs in living organism at the level of 
underlying genome. The alterations in genes influence the interaction of genes, 
their products, and the interaction of processes which are subject to the 
influence of these genes.  

3) The modelling approaches of structure evolution of biochemical 
networks were analysed. 
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Two classes of modelling approaches of biochemical network evolution 
dominate: duplication approach and deletion approach of network growth. 

But the applied approaches for the studying of biochemical networks 
and their evolution have several shortcomings. The first shortcoming is 
disregard of essential properties of processes imitating evolution of 
biochemical network. One of such properties is process importance. The second 
shortcoming is justification of network structure changes by the appearance of 
mutations at the genome level without genome attachment to the network 
structure. The third shortcoming is remoteness from real process of evolution 
and introduction of only two or three mutation types in models – gene 
duplication and/or deletion that arises as node addition in network, and point 
mutation that theoretically explains occurrence of links rewiring. 

4) The existing software tools designated for the modelling of biochemical 
networks and for the analysis of their structure were explored. 

While researching, it was ascertained that during the last few years 
many software tools have been developed suited for the needs of both narrow 
and wide specialisation. Part of the modelling tools of biochemical networks 
are applied in modelling of separate types of networks, for example, in 
modelling of metabolic or gene regulation networks using some formalism or 
standard. No software tools where found which model evolution of to a genome 
attached structure of biochemical networks and take into consideration the 
process importance in evolution imitation.  

5) The algorithm which imitates to a genome attached structure evolution 
of biochemical networks was developed. 

The algorithm of structure evolution of biochemical networks enables 
modelling of structure changes of biochemical networks which are the 
consequences of genetic material changes that occur at the genome level by the 
influence of different types of mutations. The proposed algorithm of to a 
genome attached structure evolution includes implementation of point 
mutation, missense mutation, nonsense mutation, nucleotide inversion, 
duplication, deletion, inversion, and translocation. The algorithm of structure 
evolution of biochemical networks developed within the scope of the PhD 
thesis attaches genes to the biochemical network and takes into consideration 
different importance of processes.  

6) A prototype of software tool BINESA was developed that implements 
the algorithm of to a genome attached structure evolution of biochemical 
networks developed during work on the PhD thesis. 

The prototype of software tool BINESA allows also to analyse structure 
of biochemical network and to calculate different topological parameters, as 
well as to obtain data of the evolution process of different types and evolution 
results: a viability duration or a number of generation, a number of vital 
reactions, a number of qualitative reactions, a number of insignificant reactions, 
topological parameters of each analysed structure, i.e. a total number of nodes, 
a number of isolated nodes, a number of connected nodes, a total number of 
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reactions, a number of links, an average degree of network, an average 
incoming degree, an average outgoing degree, an average number of 
neighbours, an average clustering coefficient, a number of oriented cycles 
(loops), a number of self-loops, a distribution of degree, a distribution of 
incoming degree, a distribution of outgoing degree, a distribution of 
neighbours’ number, a distribution of clustering coefficient. 

7) The evolution experiments of to a genome attached structure of 
biochemical networks by the influence of several types of mutations were 
carried out, and the received evolution results were analysed. 

Within the PhD thesis computer simulations of network structure 
evolution were carried out in case of biochemical networks which include only 
vital reactions, only qualitative reactions, and reactions of different importance. 
To establish the influence of each mutation type separately on the network 
evolution dynamics and on the changes in the peculiarities of topological 
measurements of a structure, several sets of experiments were carried out by 
different mutation probabilities of point mutation, nucleotide inversion, 
duplication, deletion, inversion, and translocation. 

8) The topological parameters which characterise the applicability of the 
model of biochemical networks were determined.  

In this study the topological parameters such as an incoming and 
outgoing degree distribution, a percentage of the low or high interconnectivity 
metabolites (low or highly interconnected), and an approximation of 
neighbour’s number are recognised as informative structural parameters. A low 
agreement of the model pair resulting in a fragmented, poor quality model can 
be indicated by low values of an average degree, an average incoming degree, 
an average outgoing degree, and an average number of the neighbours 
compared to the initial models. 

The structural analysis of the intersection and association of different 
models is important both in comparing evolution of models and building the 
new models on the basis of several available models. In intersection analysis 
when comparing the original model with the model received during or after the 
evolution, not only models but also their intersection can be investigated for the 
purpose of estimating which reactions have survived evolution and which were 
replaced by others. 

 
Conclusions and development prospects 

As a result of execution of computer modelling and simulations, several 
conclusions on evolution peculiarities of biochemical networks were drawn. 

1. While comparing mixed biochemical networks and qualitative reaction 
networks a faster interruption of evolution process of mixed network was 
noticed. The number of the reached generations differs by 10-10,000 times both 
for network model of small size (14 reactions and 9 metabolites) and for model 
of real network of Zymomonas mobilis central metabolism of the bigger size 



37 

 

(96 reactions and 81 metabolites). Hence inclusion of attribute of different 
importance of reactions significantly influences the results of evolution 
simulations. 

2. The duration of network structure evolution up to destruction is mostly 
affected by mutations of translocation, deletion, and inversion.  

3. A typical observed tendency is an increase in a number of isolated 
metabolites, and reduction of average degree of metabolites, a number of links, 
as well as reduction of average neighbours’ number and average clustering 
coefficient. The changes of parameters mainly occur linearly maintaining equal 
probabilities of mutations or increasing probability of point mutation, deletion 
or translocation. In addition to this increasing probability of nucleotide 
inversion or inversion, the values of topological parameters decrease, but their 
changes occur in a saltatory manner. Experiments with higher probability of 
deletion and translocation differ substantially bringing the network structure to 
accelerated destruction. 

4. The viability of to a genome attached structure of biochemical network is 
better described by power law with negative exponent depending on the 
mutation probability by the influence of separate types of mutations both in 
case of networks of equal importance and networks of different importance. 

 5. The duration of experiments depends on the size of a model and the length 
of attached genes, as well as on the number of structures that should be saved in 
the course of evolution. In addition, the experiment duration slightly increases 
during evolution along with the serial number of generation calculating the 
average time that is consumed during one generation simulation. For example, 
to measure the influence of translocation with probability 50% on the 
qualitative ZMO network simulation of one generation, on average 10.75 
seconds are required (execution of simulation with 10,000 requires 29 hours 51 
minutes 40 seconds), while simulation of one generation in case of qualitative 
test network with the same simulation parameters requires 0.31 seconds 
(execution of simulation with 100,000 generations requires 8 hours 36 minutes 
40 seconds) using the following hardware: computer processor Intel Core2 
2GHz, 1Gb RAM and Microsoft Access 2010 software package. 

 
Several directions can be highlighted as future development prospects. 

1) To introduce mutation operators which change the length of gene and a 
set of conditions that establish the formation of novel links in the 
algorithm of to a genome attached structure evolution of biochemical 
networks. 

2) To study the evolution of network not only at the level of structure, but 
also at the level of biochemical network operation (function), and to 
estimate the changes of dynamics of biochemical network during 
evolution using network structure received or obtained in evolution. 

3) To analyse the changes of network motifs, i.e. feedback and feed-
forward loops, or the evolution of control loops by the influence of 
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different types of mutations, as well as the emergence regularities of 
alternative control loops.  
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